Background: A more accurate prognosis for non-small-cell lung cancer (NSCLC) patients could aid in the identification of patients at high risk for recurrence. Many NSCLC mRNA expression signatures claiming to be prognostic have been reported in the literature. The goal of this study was to identify the most promising mRNA prognostic signatures in NSCLC for further prospective clinical validation.
Introduction
Non-small-cell lung cancer (NSCLC) accounts for $85% of known lung cancer cases. Current guidelines for treating NSCLC are largely based on clinical and pathological staging systems, as well as additional factors such as smoking history and gender [1, 2] . However, clinical outcome varies widely-although roughly 60% of patients with stage I/II NSCLC will never recur after surgical resections, 40% will ultimately die of the disease. Identifying those patients at a higher risk for recurrence could help 'tailor' specific treatment plans for individual patients. In the last decade, large-scale genomic profiling technology has been used to obtain genome-wide mRNA expression levels in lung cancer, and many mRNA expression signatures have been developed for NSCLC prognosis (supplementary Table S1 , available at Annals of Oncology online). However, there is a long-standing debate on the reproducibility, robustness and real clinical utility of these expression signatures [3, 4] ; and prospective clinical studies are needed to validate these prognostic biomarkers/ signatures before they are incorporated into clinical practice. Thus, determining which prognostic signatures are suitable for expensive and long-term prospective clinical validation becomes an important question. Consequently, the goal of our current study was to perform a systematic review and meta-analysis for published lung cancer prognostic signatures derived from the genome-wide studies, to identify the most promising ones for further prospective clinical validation. The main criteria of the evaluations were as follows: (i) the ability of the signature to predict patients' survival outcomes across different studies; (ii) the ability of the signature to perform better than random signatures and (iii) the independent predictive power on top of clinical variables such as stage, age, and smoking history.
Although several studies have reviewed prognostic signatures in lung cancer, no systematic evaluations have yet been carried out by individual or meta-analysis. In this study, we carried out a comprehensive evaluation of 42 lung cancer prognostic signatures tested in 15 lung cancer datasets (summarized in supplementary Table  S2 , available at Annals of Oncology online) with 1927 NSCLC patients, based on a systematic literature search (see Methods). In this study, a gene signature refers to a gene list itself and does not include how the genes were combined numerically (using statistical models). The prediction performance of each gene signature was determined based on the gene list itself, the statistical methods used for prediction, and study populations. Different statistical models were used to combine mRNA expression levels of genes in the original signature studies to predict prognosis. Although the comparisons of effectiveness of those statistical models and analysis procedures are interesting, the focus of this study is to compare which gene lists are most promising for further prospective clinical validations. To ensure systematic and unbiased comparisons among different gene signatures, we evaluated all 42 signatures with the same statistical methods {principal component analysis (PCA) or supervised principal component analysis (SuperPCA) [5] } on the same patient data.
Methods

Selection criteria of gene signatures
To identify the reported lung cancer prognosis signatures, we first searched the PubMed database using the Boolean phrase 'prognostic gene expression signature AND lung'. We also checked recent reviews on this topic [3, 6] . In this study, we considered signatures that were derived from genome-wide mRNA expression profiling studies and were shown to be associated with patient survival outcomes by validation using independent datasets. Considering the limited feasibility of gene signatures containing too many genes, we included only signatures containing no more than 500 genes. Our  final 42 signatures were collected from 34 studies published between 2001  and 2012 (supplementary Table S1 , available at Annals of Oncology online).
Patient cohorts
To obtain patient cohorts, we did a comprehensive search for lung cancer studies with genome-wide mRNA expression data from human tumor tissues in literatures and public websites, such as Gene Expression Omnibus (GEO) and the Microarray Data Management System (caArray). Using these criteria, we identified 60 datasets, among which 15 provided patient survival information for more than 50 NSCLC patients. These 15 datasets were then used as testing sets to evaluate the signatures. Nine of the 15 datasets with relatively large numbers (>100) of patients were used as training sets for supervised models. Supplementary Figure S1 , available at Annals of Oncology  online shows the Survival curve, and supplementary Tables S2-S4, available at Annals of Oncology online provide details in for each of these datasets.
Statistical analysis
All mRNA expression data were preprocessed as described in supplementary methods, available at Annals of Oncology online. To evaluate signatures' prognostic values, we applied both SuperPCA and unsupervised PCA. Three different survival association metrics were used to evaluate each prognostic prediction model: hazard ratios (HRs) estimated by the Cox proportional-hazards model [7] , the time-dependent receiver-operating characteristics (ROC) curves [8] , and the Concordance Index (C.index). Meta-analysis was then conducted on the multiple independent validation sets for each prognostic signature to summarize its overall performance.
To see which of the 42 published signatures predicted significantly better than random signatures, we generated 100 gene sets with 50 genes each as random signatures and calculated their survival associations using the same training and testing strategies. A linear mixed-effect model (see supplementary methods, available at Annals of Oncology online) was then used to compare the published signatures versus the 100 random ones. Figure 1 illustrates the workflow of the training and validation procedures used in this study.
Results
Identification of 42 published gene signatures
We identified 42 published lung cancer prognostic signatures (supplementary Table S1 , available at Annals of Oncology online) derived from genome-wide expression profiling analysis, containing 500 gene probes. These signatures were derived from a number of NSCLC histology subtypes, including adenocarcinomas (ADCs), squamous cell carcinomas (SCCs), mixed lung cancer types, and other (non-lung) cancer types, e.g. a 94-gene malignancy-risk gene signature [9] that was originally derived from breast cancer samples and later shown to be prognostic for NSCLC. Different microarray platforms, such as Affymetrix, Agillent and customized arrays, were used to measure gene mRNA expressions. Supplementary Table S1, available at Annals of Oncology online summarizes the 42 signatures in detail, including histology types, total number of probes used, microarray platforms, and literature citations.
Meta-analysis to evaluate the prediction performances of the signatures
The performance of the same prediction model derived from the same signature can vary depend on the statistical algorithm used, the quality of the clinical outcome data provided, and the similarity between the training and testing patient datasets. For example, the prediction model derived from the same training dataset (the Director's Consortium dataset) and gene list [10] showed different prognostic effects with the 14 datasets tested, with high-versus low-risk group HRs, respectively, ranging from 0.817 to 3.113 ( Figure 2A) . Thus, evaluating signatures based on any single testing set alone may introduce bias into the final conclusion. To overcome this problem, we used meta-analysis to summarize the prediction performance over all testing datasets (see Methods).
The overall performance of the Shedden et al. signature [10] calculated from meta-analysis showed significant prediction for poor survival in high-risk patients (HR ¼ 1.80; 95% CI 1.10-2.93). In Figure 2B , a heat map summarizes the meta-estimates of HRs for all signatures derived from different training sets. Sixteen signatures showed prognostic effects by using any of the nine training sets or by using unsupervised PCA analysis. Comparison of the signature models derived from different training data in Figure 2B demonstrated that some training sets (e.g. the Tomida dataset [11] ) provided better training models for most signatures, while others (e.g. the RoepmanCCR dataset [12] ) were less effective. One possible reason is that those training sets can map to a larger number of genes in the signatures. In fact, the Tomida dataset contained at least 80% genes for all signatures, but the RoepmanCCR dataset [12] did so for only 33 of 42 signatures. Similar pattern of model performances were observed for the summarized C.indexes and AUC (supplementary Figure S2 , available at Annals of Oncology online). Finally, to get a single unbiased score for each gene signature, we summarized the prognostic performance of all the survival models that were derived from different training sets using a meta-analysis approach (supplementary methods, available at Annals of Oncology online) and found that 34 out of the 42 gene signatures could significantly separate high and low risk groups (with HR lower 95% CI >0, and P < 0.05, Figure 2C ). The top-ranked signatures identified by HR, C.index and AUC ( Figure  2C -E) are very similar. Therefore, to avoid ambiguity, we will present only our results based on HRs in the following sections.
About half of the gene signatures showed significantly better prediction than random gene sets When compared with random signatures, 20 out of the 42 published signatures (48%) significantly outperformed (P <0.05) random signatures using the superPCA modeling approach ( Figure  3A ). It should also be noted that several of the signatures that significantly outperformed the random signatures actually contained a relatively small number of genes. In this study, we also generated random signatures with 100 genes and the results are similar.
Our results showed that the unsupervised PCA models had better prognosis performance than supervised PCA models, but fewer unsupervised models were significant when compared with models from random signatures ( Figure 2C versus Figure 3B ). Figure 1 . Flow chart summarizing the strategy used for the development (A) and validation (B) of the risk prediction models obtained from published gene signatures. Basically, 9 different superPCA predictors were trained for each of the 42 signatures using the nine training sets, respectively. The performance of a specific superPCA predictor was then evaluated based on a subset of 15 available data sets. The criteria to select the subset were as follows: (i), the data set was not the training set and (ii) the dataset was not used for developing the specific signature used in this superPCA predictor. Detailed descriptions of procedures and data analysis are provided in the supplementary material, available at Annals of Oncology online.
shows that only 9 out of the 42 signatures carried out significantly better than random signatures using the PCA-based method, in contrast to 20 out of the 42 signatures for superPCA. Therefore, unsupervised approaches are likely to overestimate the performance of random gene signatures, which diminished the differences between the real signatures and the random signatures. One reason for overestimation is that unsupervised methods can only divide patients into two groups. To assign high-versus low-risk groups, the traditional protocol compares the median survival times between the two groups and assigns the one with lower-median survival as the high-risk group. In this way, the same survival information was used during the modeling stage and again during the evaluation stage, leading to overrating of the performances of the unsupervised models. In contrast, the supervised approach largely reduces the risks of overestimation by using independent training and testing datasets. Therefore, the remaining analysis and evaluation in this study will be based on supervised approaches.
Multivariate analysis adjusting for clinical variables
To develop prognostic signatures having potential clinical applicability, it was important to test whether each signature had predictive power in addition to various clinical prognostic factors. Therefore, we carried out multivariate analysis, adjusting for (10) . Hazard ratios (HRs) between the two predicted risk groups varied widely when using different data as the test sets. (B and C) Heatmap of the HR and Concordance index (C.index) estimates based on meta-analysis using different prediction models and gene signatures. SuperPCA models were trained by 1 of the 9 training sets, and tested on the remaining 14 data sets. The name of each training set is shown in the column title column. The PCA model was developed using the first principal component of the signature in the test set. (D) Meta-analysis results from all SuperPCA models using all pairs of training and test sets. In (B) and (D), the x-axis denotes the HR of survival differences between two predicted risk groups, with black squares denoting the summarized HR from different training and testing strategies, and the black solid line denoting the confidence interval. For each gene signature, datasets used in signature development were excluded from meta-analysis.
several clinical factors, including tumor histology, tumor stage, patient age/gender, and smoking history. As observed in previous review papers, most public datasets did not provide complete clinical information and the missing clinical variables were excluded from the multivariate analysis. Supplementary Table  S3 , available at Annals of Oncology online lists the available clinical factors provided and used in this study. Applying the same meta-analysis approach as above, we showed that most prognostic signature models remained significant after adjusting for clinical factors ( Figure 4A) . Indeed, the summarized HR showed that 29 out of the 35 signatures that were prognostic in the univariate analysis remained significant in multivariate analysis ( Figure 4B ).
Prognosis for different histology types
ADC and SCC are two major NSCLC histology subtypes having dissimilar molecular foundations in tumor pathogenesis and progression [13] . Several research groups have suggested using subtype-specific molecular biomarkers to investigate their biological differences and develop more accurate predictors. For over 23 of the 42 signatures collected in our studies, there were clear designations of the applicable cancer subtypes, or the signature was derived from one particular histology type (supplementary Table S1 , available at Annals of Oncology online). We thus carried out meta-analysis again on ADC and SCC patient subgroups (sup plementary Figure S3A -D, available at Annals of Oncology online), revealing more prognostic gene signatures in ADC than SCC NSCLC patients. In total, there were 17 (45%) signatures that carried out significantly better (P value <0.05) than random signatures for the ADC patients (supplementary Figure S3B , available at Annals of Oncology online), while 8 (19%) useful prognostic signatures were found for the SCC patients (supplementary Figure S3D , available at Annals of Oncology online). Interestingly, some signatures derived from ADC-only datasets also provided good predictions for SCC patient prognosis (Shedden_c, HR ¼ Figure 3 . Over 50% of published signatures perform better than random signatures when using SuperPCA prediction models (A) and 20% perform better when using PCA prediction models (B). The x-axis denotes the P-values comparing gene signatures against 100 random signatures, based on linear mixed-effect models. Red and black bars indicate signatures that carried out better or worse than random signatures, respectively.
Discussion
In this work, we provided a comprehensive systematic review and meta-analysis for a wide range of published lung cancer prognostic signatures. Although several previous reviews [3, 4, 6] summarized some microarray-based gene signatures, none of them systematically compared the prognostic performances of published signatures. Compared with previous studies, this study completed the following: (i) carried out a systematic literature search for both signatures and datasets, thereby yielding a comprehensive collection of lung cancer prognostic signatures; (ii) evaluated the signatures in a large collection of training and testing datasets, using meta-analysis for an objective and unbiased comparison; (iii) compared the published signatures with sets of random ones and (iv) studied the usefulness of the signatures in concert with known clinical factors. We compared 42 signatures that were validated by at least one independent patient data set in the original paper. This is the largest number of lung cancer prognostic signatures ever evaluated, tested on 1927 patient samples from 15 lung cancer genome-wide mRNA expression studies.
As show in supplementary Figure S1 and Tables S3 and S4 , available at Annals of Oncology online, these 15 lung cancer datasets are heterogeneous in terms of patient survival outcomes, histology, and tumor stage. In addition, the diversity of datasets collected from different study cohorts, countries, and microarray platforms allowed us a comprehensive evaluation of the lung cancer prognostic signatures. The heterogeneity of the datasets is a potential issue for meta-analysis, so we used the random-effect model for meta-analysis, which assumes the prognostic effects of a specific signature in different datasets are different. Finally, for each gene signature, the performances were also evaluated in either ADC-only or SCC-only patient cohorts, as some signatures were developed for a specific histology type of either ADC or SCC. We also carried out multivariate analysis to adjust for other clinical variables, including stage.
In this study, both P-value (that compares the gene signature with a set of random signatures) and the HR were used to evaluate the performance. In addition, concordance scores and timedependent ROC curves were also used to evaluate the performance.
The purpose of this study is to select the most promising prognostic gene lists for further expensive prospective clinical validations, but not to reproduce the results of the original publications. The prognostic power of a gene signature depends . Meta-analysis results from all SuperPCA models using any one of the training sets and any one of the test sets. The x-axis denotes the HR of survival differences between the two predicted risk groups. Black squares denote the summarized HR from different training and testing strategies, while the black broken solid line denotes the confidence interval. For each gene signature, datasets used in signature development were excluded from meta-analysis. on two factors: the set of genes and how the measurements from the gene set are combined. Ideally, the best evaluation is to implement the algorithm associated with each gene signature, and then evaluate the performance. However, it is very hard and sometime impossible to reproduce all the algorithms in published gene signatures. Furthermore, based on our experiences, how the measurements from the gene set are combined is usually less important when the number of genes in the signature is very large. So, we decided to use one method (supervised PCA) to represent the supervised approaches and one method (PCA) to represent unsupervised approaches. This standard procedure can lead to systematic and unbiased comparisons among different gene signatures for the selection of the most promising gene lists for clinical testing. However, it is possible that a set of genes has no prognostic power when combined using PCA or supervise PCA but does have it under another technique. Thus the conclusion that there is (or is not) prognostic power in this study might be limited. The focus on this study is to evaluate published signature lists using the same statistical methods and same datasets. Further studies that focus on the evaluation of different statistical methods and/or patient cohorts will be important for the field.
A recent review by Venet et al. [14] on prognostic signatures in breast cancer claimed that most signatures are no more significantly associated with survival than randomly generated ones, and even those associated with survival actually owe their high correlations to increased cell proliferation. Venet's study triggered extensive discussion on the practicability of prognostic gene signatures. We wanted to evaluate whether similar conclusions hold for lung cancer and published lung cancer prognostic signatures. Our study showed that 20 out of the 42 signatures significantly outperformed random signatures using the SuperPCA method, clearly demonstrating the usefulness of gene expression signatures in predicting survival outcomes. In addition to the difference in the studied cancer types, we think there are several factors contributing to the different observations between Venet et al.'s and this study: (i) the conclusions in Venet et al. were based on separate evaluations for three datasets, while this study was based on the meta-analysis results from 15 datasets with a total of 1927 patient samples. The much larger sample size significantly increased the statistical power to detect even slight differences in performance between real versus random signatures; (ii) Venet et al. compared signatures based on HRs only, while our study used HRs, time-dependent ROC, and C.index. Thus, by design, this study provided a more general and unbiased evaluation; and (iii) Venet et al. used only an unsupervised approach, while our evaluations were based on the supervised approaches. We found that unsupervised approaches use the survival outcome to determine patients' risk groups, which can overestimate the performance of random gene signatures. On the other hand, supervised models with independent training and testing datasets could provide an unbiased estimate of the prognostic performance.
Recent advances in lung cancer targeted therapy (e.g. for EGFR and EML4-ALK fusion mutations) have changed the therapeutic strategy for those patients. The mutation profiles of NSCLC patients play important roles in select the targeted therapies. For example, EGFR mutation is an important marker for gefitinib response [15] . This indicates that using a mutation profile to select therapies is important. However, only a small proportion of NSCLC patients have mutations that could be targeted by a limited number of targeted drugs. Furthermore, for molecular targeting drugs, although the mutation status of the 'gene target' is the natural biomarker for the drug, it cannot provide a comprehensive prediction for drug response. For example, although EGFR is the target mutation for tyrosine kinase inhibitors (TKIs), there are a subset of EGFR wild-type patients that have shown benefit from EGFR TKIs in several clinical trials [16] [17] [18] . Recently, an mRNA expression-based gene signature has been developed to predict the erlotinib (a type of TKIs) sensitivity in both EGFR-mutant and wild-type patients [19] . Therefore, mRNA expression profiles can provide additional information for targeted therapy response prediction. In addition, for early stage NSCLC patients undergoing potentially curative surgical resection, it is important to be able to predict the patient prognosis, so that patients with higher risk can be managed with more aggressive treatments and those with lower risk could select less aggressive treatment to reduce the side-effects. mRNA expression profiles, but not mutation profiles, have been studied intensively for lung cancer prognosis, so the focus of this study is to evaluate the published mRNA expression prognosis signatures for NSCLC prognosis. Information included are number of genes in the signatures, meta-estimated hazard ratios (HR), and 95% confidence intervals for the predicted high risk groups, Q-statistics for heterogeneity from meta-analysis, and Pvalues for comparison to random signatures.
This study focused only on the gene signatures derived from genome-wide microarray studies and did not evaluate genes or biomarkers derived from other assays. The main reason is that the training and testing datasets used in this study were all from microarray studies. The dynamic range and sensitivity of genome-wide microarray platforms may not be good enough to validate some gene signatures that were originally derived from higher resolution technologies, such as qPCR technology. Therefore, we should note that besides the signatures discussed in this study, there are other promising prognostic signatures that have been derived from other platforms and could be considered for further evaluation in prospective clinical studies. In addition to mRNA expression signature, it is also important to compare and integrate with other types of gene signatures, such as protein signatures and gene mutations, for lung cancer prognosis.
Most of published gene signatures were derived from fresh frozen samples which has limited clinical impact. Therefore, for future clinical usage of the gene signatures, validation and application in using CLIA-certifiable assays in FFPE samples are important. In order to apply an mRNA gene signature in clinical practice, the mRNA expression levels of the genes in the signature need to be measured by a CLIA-certifiable assay, such as qPCR or nCounter platform from Nanostring, which usually requires the number of genes to be less than a hundred. When the number of genes in a signature is large, it is hard to translate the signature into a clinical device, so it is important to reduce the number of genes from a molecular signature derived from the genome-wide molecular profiling experiments. Several studies have shown that an appropriate dimension reduction step will great improve the prediction performance [20] [21] [22] . We also provide the number of genes for each signature in Table 1 to facilitate the selection of these signatures for clinical use.
In conclusion, we conducted a comprehensive review and metaanalysis of the 42 published mRNA expression prognostic signatures in lung cancer. We found that 17 signatures carried out significantly better than random gene sets and could provide additional prediction power, in addition to complementing known clinical variables for ADC. Of those 42, 8 such signatures were identified for SCC. These signatures provide the following: (i) a statistical basis for developing CLIA-certified tests to help guide patient care and (ii) a biological basis for exploring what are the underlying molecular differences in NSCLCs, which otherwise appear similar, that explain differences in clinical behavior. 
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